We investigate the factors that contribute to participation in the Supplemental Nutrition Assistance Program (SNAP, formerly known as the Food Stamp Program), and the effects of such participation on self-assessed health (SAH). Our estimation approach consists of an endogenous switching ordered probability model, using the copula approach, for a sample of current and former Temporary Assistance for Needy Families (TANF) recipients in Tennessee.
I. INTRODUCTION
The Supplemental Nutrition Assistance Program (SNAP), formerly the Food Stamp Program, is designed to provide food assistance via benefit payments to households meeting the eligibility criteria. Among the largest and most widely available Federal food assistance programs in the U.S., and second only to the National School Lunch Program (NSLP), SNAP is the nation's key nutrition safety net which provides an in-kind benefit for low-income households to buy food. Program cost for SNAP was $53.63 billion for fiscal year (FY) 2009, putting food on the table for 15.2 million households and 33.7 million individuals each month (USDA-FNS, 2010).
The major purpose of SNAP is to help low-income households obtain adequate and nutritious diets by providing electronic debit cards that can be redeemed for food with few restrictions. Unlike other food assistance and nutrition programs such as the NSLP and the Special Supplemental Nutrition Program for Women, Infants, and Children (WIC), both of which are targeted at specific populations, anyone who meets eligibility guidelines based entirely on financial need can receive SNAP benefits. With much of the nation's food assistance resources distributed by SNAP, it is important that policy makers have improved analytical tools for evaluating program participation and for estimating the impacts of SNAP participation on the nutrition and health status of program participants. Fox, Hamilton, and Lin (2004) review the literature on the effects of USDA's food and nutrition assistance programs, including SNAP, on a variety of outcome variables ranging from household food expenditures, nutrient availability, food insecurity, and individual dietary intake to health outcomes such as overall health, birth outcomes and obesity. Currie (2000) reviews earlier studies on U.S. food and nutrition programs, and Moffitt (2000) considers the literature on other welfare programs.
SNAP participation can impact health outcomes in several ways. First, to the extent that SNAP benefits represent effective income increases, and given the predominantly positive effect of income on health (e.g., Paxson, 1998, 2001; Ettner, 1996; Lindeboom, Portrait, and van den Berg, 2002; Lundberg, 1991; Smith, 1999) , it is posited that the additional purchasing power can allow individuals to consume more or better health care.
SNAP participation can improve health outcomes in other ways. For example, Yen et al. (2008) find that SNAP participation reduces the severity of food insecurity. It is possible that food security could then lead to better health outcomes. SNAP can have an adverse effect on health outcomes, too. For instance, Meyerhoefer and Pylypchuk (2008) and Chen, Yen, and Eastwood (2005) find that SNAP participation contributes to overweight and obesity among women. This study contributes to this body of empirical literature by investigating the effect of participation in SNAP on an important and direct health outcome variable: self-assessed health (SAH) status, a widely used indicator of health-related quality of life (Idler and Benyamin, 1997) .
Two studies have investigated the effects of SNAP on SAH. Using data from the 1997 National Longitudinal Survey of Youth (NLSY), Gibson (2001) examines SAH and the prevalence of chronic disease among youth. SNAP participation is not found to be significantly related to either outcome. Fey-Yensan et al. (2003) examine self-reported general-health status and functional status, along with other outcomes, in a small group of lowincome elderly individuals in Connecticut. Results of Chi-square analysis suggested no difference between SNAP participant and non-participant groups in general health status or functional status.
Another study by Miller and Korenman (1992) examines direct measures of child health. Food stamp receipt is found to be positively and significantly associated with the prevalence of 'stunting' (being below the tenth percentile in height for children of the same age and sex) for chronically poor children but the effect was small in magnitude. Poor children who received food stamps for half but not all of their years in poverty are significantly less likely to be 'wasted' (being below the tenth percentile in weight for children of the same height and sex) than children with a comparable poverty history who never received food stamps. Not controlled for in that study is the potential simultaneity of child health and food stamp receipt-a statistical problem which could cause biased and inconsistent empirical estimates.
Given the inconclusive findings by Gibson (2001) and Fey-Yensan et al. (2003) and the potentially biased estimates by Miller and Korenman (1992) , there is a pressing need to reexamine the relationship between SNAP and health. This study aims to do so by using a carefully developed statistical procedure which accommodates the correlation between the unobserved factors contributing to SNAP and health (Lindahl, 2005) . The analysis also examines the association of SNAP and health with socio-demographic factors. We focus on the state level, specifically the State of Tennessee, making use of the Family Assistance Longitudinal Study (FALS)-a rich survey of current and former participants in Tennessee's low-income cashassistance welfare program (Families First). While we do not explore the specific mechanisms by which SNAP participation might influence health outcomes (e.g., via reductions in food insecurity or increases in purchasing power), this study at the most general level will illuminate future efforts to untangle those mechanisms.
The specific objective of this study is to examine the relationship between SNAP participation and health and their association with socio-demographic factors. We also make several useful contributions regarding the assessment of the effects of program participation on ordinal outcomes along the way. Results reveal that a number of socio-demographic characteristics have important impacts on SNAP participation. Furthermore, we find that SNAP participation is negatively associated with SAH status. Rather than attributing this to a negative effect of program participation on health, though, we view this result as suggestive that the SNAP program is reaching its target audience in Tennessee.
II. AN ORDERED PROBABILITY MODEL WITH BINARY ENDOGENOUS SWITCHING
The basic choice model of welfare participation posits that individuals choose whether to participate by comparing utility on and off the program (Moffitt, 1992) . This leads to the specification of a binary program participation model (e.g., Meyerhoefer and Pylypchuk, 2008) .
A large body of economic literature has considered the effects of such participation in social programs on outcomes of interest, including health, food security, food expenditure, and nutritional outcomes. A framework that allows the evaluation of the effect of program participation on health and/or nutrition outcomes is the treatment effect model (Barnow, Cain, and Goldberger, 1980) or its more generalized alternative-the switching regression model (Vijverberg, 1993) .
The vast literature on the use of treatment effect models and switching regression models in the evaluation of programs is much too extensive to address here. Butler and Raymond (1996) and, more recently, Meyerhoefer and Pylypchuk (2008) and Yen et al. (2008) are among the examples of such models. We consider a variant of the treatment effect model-a switching probability model in which the outcome variable is not continuous but discrete (ordinal).
Switching regression models (SRMs) date back to Roy (1951) who was concerned with an individual's decision between earning income as a fisher or hunter, and have been used extensively in economics. Vijverberg (1993) reviews their applications in labor economics and other areas of economics.
Probability models for discrete outcome variables with endogenous switching or treatment have emerged recently. Li and Tobias (2008) develop an ordered probability model with binary endogenous switching, whereas Chib and Hamilton (2000) consider the opposite, viz., a binary probability model with an ordinal treatment. These models were both estimated with Bayesian procedures, based primarily on the multivariate Gaussian (normal) distribution for the error terms. Because distributional assumptions are known to be important in binary response modeling (e.g., Horowitz, 1993, p. 70) , we extend the endogenous switching ordered probability model of Li and Tobias (2008) to one with a non-Gaussian error distribution. Below we start with a switching ordered probability model without an explicit distributional assumption, point out how it relates to existing specifications, and then generalize it to a non-Gaussian specification. In what follows, observation subscripts are suppressed for brevity.
The model consists of a binary switching equation for SNAP participation (d)
and a set of ordered probability models for SAH, for the participant (k = 1) and non-participant (k = 0) regimes:
iff , 1,..., ; 0,1.
The ordinal outcome (y) for SAH relates to the SNAP participation variable d such that
(1 ) .
In Equations (1) and (2), z and x are vectors of explanatory variables, α and β are conformable parameter vectors and, as in conventional ordered probability models (McKelvy and Zavoina, 1975) , the μ terms are threshold parameters such that, for k = 0,1,
The error vectors (u,v 0 ) and (u,v 1 ) are both distributed with zero means, unitary variances, and a correlation structure specified below.
The above model says that the ordinal SAH outcomes are determined by two different processes, and that the processes are not exogenous but endogenous as dictated by the probit mechanisms (1) for SNAP participation. The specification above differs from that of Li and Tobias (2008) in that our error distribution is not necessarily Gaussian, and from the switching regression model of Smith (2003) , also based on the copula approach, in that the outcome variable (y) is not continuous but ordinal.
Using Equations (1), (2) and (3), the likelihood contribution for a sample observation is (4) for the two distinctive sample regimes are
.
This completes the specification of the Gaussian switching probability model (Li and Tobias, 2008) . To extend the model to a non-Gaussian framework, the bivariate CDFs G(⋅) in Equations (5) and (6) are specified as a non-Gaussian distribution, using the copula approach (Nelsen, 2006) .
To demonstrate the copula approach in the present context, for a model with the Clayton copula and Gaussian margins (henceforth the Clayton-Gaussian model), the first probability on the right-hand side of (5) is obtained by substituting the standard normal CDF, denoted by Φ(⋅), into the Clayton copula (Nelsen 2006, p. 116 ):
where θ u0 is a concordance parameter reflecting correlations between the error terms (u,v 0 ). An alternative measure of association which has a similar interpretation to Pearson's correlation coefficient, Kendall's τ which we also report, can be derived from the concordance parameter (Nelsen, 2006, p. 163) . The other bivariate probabilities on the right-hand sides of (5) and (6) can be obtained by similar substitutions. We also estimate models with the Frank copula (Nelsen 2006, p. 116 ) and the generalized log-Burr margins (Burr, 1942) . The model is estimated by maximizing the likelihood function, which is the product of the likelihood contributions (4) over the sample observations.
III. AVERAGE TREATMENT EFFECT
We calculate the treatment effects of SNAP on the probabilities and conditional mean of SAH (y), defined respectively as
(1) (0) We also calculate the marginal effects of continuous (discrete) explanatory variables by differentiating (differencing) the probability for SNAP participation which, for models with the Gaussian margins, is
and the marginal probabilities of SAH categories among SNAP non-participants and participants:
For models with other margins, the normal CDF Φ(⋅) can be replaced with those of other distributions.
IV. DATA AND EMPIRICAL ISSUES
We empirically examine the relationship between SNAP participation and SAH and their association with socio-demographic characteristics among current and former participants in Included in the survey are questions regarding food stamp receipt and SAH outcomes.
We limit our analysis to the most recent wave of the FALS data (wave 10) that was available at the time of our analysis, and use the previous wave for lagged information as necessary.
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Of course, use of the FALS necessarily limits our analysis to those on or recently on TANF in Tennessee, making it conditional on prior TANF program selection. Further, some SNAP-eligible individuals will not be able to enter the analysis if they had never entered the TANF rolls (due to ineligibility or to a decision not to enroll). However, a key advantage of the FALS is that it provides a convenient and detailed source of data for a large sample of SNAP participants and a sample of similar SNAP non-participants.
The FALS data have been used for numerous studies of the low-income population in Tennessee, including Gurley and Bruce (2005) , and Bruce et al. (2004) .
Faced with a choice between estimating our preferred econometric model outlined above with a single cross-section or estimating a simpler model with panel data, we opted for the former. Estimation of a limited dependent variable model with a short panel sample presents well-known problems (Greene, 2004) , and would require an econometric theory contribution that is beyond the scope of this paper.
We use household size and income information in the FALS alongside Federal poverty thresholds (U.S. Department of Health and Human Services, 2008) to assess SNAP eligibility. Individuals residing in households with monthly gross income above 130% of the Federal poverty income are determined to be income-
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While TANF officials in Tennessee certainly assist with SNAP enrollment, the fact that this is a statewide program feature prevents us from making use of it in our empirical analysis below. ineligible and were therefore excluded from the sample. This reduces the sample to 1,022 individuals for final analysis.
The first endogenous variable is a binary indicator of participation in SNAP. This variable is constructed from FALS survey data and verified with administrative data as described above. The second endogenous variable, SAH, is an ordinal health outcome variable, constructed from responses to the question: "How would you rate your health? Would you say it is: poor, fair, good, very good or excellent?" The responses are coded as an ordinal variable ranging from 1 (for poor) to 5 (for excellent). Table 1 
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Other variables can affect program participation and health as well. For instance, the extent to which SNAP allows individuals to consume more health care may vary by gender (Meyerhoefer and Pylypchuk, 2008) . In addition, health outcomes and health care expenditures could be influenced by bargaining processes within the household (Breunig and Dasgupta, 2005) . Information on bargaining process is not available in FALS, and our gender variable contains excessive missing values. be appropriate in determining health outcomes, we posit that lagged income would more properly explain food stamp participation.
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The next empirical task is to choose among models with alternative copulas and margins, using non-nested specification tests. Specifically, let r i and s i be the log likelihood contributions of sample observation i for two competing specifications and define differences The generalized log-Burr margins are also explored but are not found to perform better than the Gaussian margins. Therefore, the remainder of the analysis is based on the Clayton-Gaussian model, and a complete set of results for all other models are available upon request. Table 3 presents the maximum-likelihood estimates for the Clayton-Gaussian model. All threshold parameter estimates are positive and significant at the 5% level of significance or lower, suggesting that the ordered probability model is successful in delineating the SAH categories for both SNAP participants and non-participants. An insignificant threshold parameter estimate(s)
V. ESTIMATION RESULTS
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A sensitivity analysis with lagged income removed from the participation equation and current income removed from the outcome equation suggested that the parameter estimates and treatment effects are fairly robust with respect to these income variables. These and other unreported results are available from the authors upon request.
would have suggested consolidation of the SAH categories, and a negative threshold parameter(s) would have indicated functional or distributional misspecification.
The error correlation estimates (concordance and Kendall's τ) are significant at the 5% level of significance between the SNAP participation equation and the SAH equation for SNAP participants but not for the non-participants (p-value = 0.28). The significant error correlation highlights the importance of accommodating the endogenous regime switching, implying that an ordered probability model of SAH with an exogenous binary variable for SNAP participation or separate ordered probability models with the segmented samples would have produced statistically inconsistent (biased) and inefficient estimates. The positive error correlation suggests that unobserved characteristics affect SNAP participation and SAH in the same direction. It is worth noting that while the Clayton copula, by construction, admits only positive error correlation, such positive correlations are confirmed in all other models we estimated (Frank's copula and Gaussian copula with alternative margins) and therefore, the Clayton-Gaussian model does not impose unduly strong restrictions on the model dependence.
To further examine the effects of explanatory variables, we calculate two sets of marginal effects. Table 4 presents the marginal effects of explanatory variables on the probability of SNAP participation. All else equal, an additional child in the household increases the probability of SNAP participation by 2.7%. Yen et al. (2008) also find positive effect of children on SNAP participation within a national low-income sample. An additional 10 years in age decrease the probability of SNAP participation by 2.8%, and an additional $1,000 in previous-year income decreases the probability of participation by 3.2%.
As expected, distance to the SNAP program office, an important program identification variable, has a negative effect on SNAP participation (-0.58%). Being employed has a negative effect on participation (-8.4%), while having health insurance-which is almost always TennCare, Tennessee's Medicaid program, for the FALS sample-contributes to SNAP participation (10.2%). Having car insurance (-5.4%) has an opposite effect. These results may be partially explained by the fact that individuals on TennCare are provided with information and enrollment assistance regarding SNAP, while those with employment and with car insurance may have better financial means than others without such means and consequently are less likely to participate in SNAP. Renters and WIC participants are more likely to participate in the SNAP than others. Interestingly, we find that having been hungry has a negative effect (-5.9%) on SNAP participation. This may be suggestive of the overall effectiveness of SNAP (i.e., participants are less likely to report having been hungry).
The marginal effects of the explanatory variables on SAH probabilities are presented in Table 5 . Most notable are the differentiated effects of variables on SAH between SNAP participants and non-participants, due to the generally scant significance among the nonparticipants caused by the small number of non-participants in the sample. These differentiated effects are likely to be masked in an analysis using a treatment effect model (Barnow, Cain, and Goldberger, 1980) and highlight one important advantage of the switching probability models used in this study.
Among SNAP participants, individuals residing in a household with more children are less likely to be in the poor and fair health categories and more likely to be in the higher (good, very good, and excellent) health categories. These same positive effects on health are also seen among white, employed, and high-school and college educated individuals. Perhaps unsurprisingly, age has an opposite effect on SAH. A 10 year increase in age is associated with a 3.8% (6.5%) increase in the probability of poor (fair) health, and 4.9% (3.9%) decrease in the probability of very good (excellent) health. Indicators for the presence of adults or children with a health condition both have negative effects on health. Having to cut meals in the previous period and having gone hungry both have negative effects on health, as does the ability to afford medical care in the previous period.
Turning to the marginal effects for SNAP non-participants, as noted above we find little in the way of influential determinants of SAH. Results in Table 5 provide limited evidence that having some college education has a positive effect on health status. Also, we find that having some experience with a local food bank in the previous year has a negative effect on health among SNAP non-participants.
The final step in our empirical analysis involves the calculation of the ATEs and ATETs, in terms of SAH category probabilities and level, of SNAP participation. The results, presented in Table 6 , suggest the effect of SNAP participation on health is negative overall. Participation in SNAP generally increases the probabilities of being in the poor SAH category and decreases the probabilities of being in the very good category. According to the ATEs, for a randomly selected individual, participation in SNAP increases the probability of being in poor health by 9%, increases the probability of being in good health by 12.3%, and decreases the probability of being in very good health by 11.1%. In terms of the level of SAH, participation in SNAP decreases SAH by 0.8 on a 1-5 scale. Among the participants, the ATETs suggest similar effects, with only slightly different magnitudes, in reference to their standard errors.
Given our use of survey data for a sample of current and former participants in Tennessee's welfare program, we view these negative effects of SNAP on SAH as suggesting that the neediest families-such as those with the lowest SAH-might be more likely to participate in SNAP. Alternatively, those on (or recently on) Families First but not participating in SNAP are likely to be the least needy families. This inverse relationship between SNAP participation and SAH reveals that, while SNAP does not necessarily lead to improved SAH, the SNAP program appears to be appropriately targeted to the neediest families in the state of Tennessee.
VI. CONCLUDING REMARKS
There is continued interest in exploring the contributing factors of participation in food assistance programs and the effects of these programs on food, nutrition and health outcomes of the program participants. In this study, we investigate the factors that contribute to SNAP participation, and the effects of such participation on health, using a popular measure of health outcome -SAH. We address this issue by developing an endogenous switching ordered probability model with a non-Gaussian error distribution, which accommodates the discrete nature of SNAP participation and SAH outcomes, endogeneity of SNAP participation, and skewness in the distribution of the error terms.
Our major finding is that participation in the SNAP is inversely related to SAH. While this result does not indicate a health-improving effect of SNAP, it does indicate that SNAP is reaching its target population in Tennessee. In future research, we hope to expand the econometric methodology in order to make better use of the panel features of the FALS. It will be important, for example, to explore the extent to which SNAP participation in one wave influences SAH in subsequent waves. Note: Asterisks *** indicate statistical significance at the 1% level, ** at the 5% level, and * at the 10% level. Note: All probabilities are multiplied by 100. Asymptotic standard errors in parentheses. Asterisks *** indicate statistical significance at the 1% level, ** at the 5% level, and * at the 10% level. Note: Asterisks *** indicate statistical significance at the 1% level, ** at the 5% level, and * at the 10% level.
